ABSTRACT We propose a spectrally efficient design that guarantees the statistical delay quality-ofservice (QoS) for delay-sensitive traffic in the downlink of orthogonal frequency-division multiple-access (OFDMA) networks. This design is based on the so-called effective capacity (EC) concept, which describes the maximum throughput, a system can achieve under a specific statistical delay-QoS violation probability constraint. We investigate the EC maximization problem, in which, the statistical delay profile of the traffic is characterized by the QoS-exponent θ determining the exponential decay rate of the delay-QoS violation probability. By exploiting the properties of concave programming and Slater's condition, the Lagrangian dual decomposition method is applied and an iterative algorithm that does not depend on the instantaneous channel state information (CSI) is proposed for solving the concave problem formulated. Extensive simulations demonstrate the efficacy and robustness of the proposed iterative algorithm. Furthermore, we show that the system's achievable EC does not depend on the specific choice of the subcarrier allocation, but rather on the number of subcarriers allocated to each user. This is, because, the EC is calculated using the channel's statistics, instead of the instantaneous CSI, implying that the EC is more of a long term channel capacity metric.
I. INTRODUCTION A. MOTIVATION
Ubiquitous advanced wireless technologies and prevalent multimedia services, such as ultra-high-definition (UHD) video and music streaming, have resulted in an exponentially increasing amount of delay-sensitive data [1] , [2] . The conventional design of wireless networks has been mainly focused on Shannon-capacity based spectral efficiency maximization (SEM) due to natural spectrum limitations and the rapid increase of the number of mobile users. In order to achieve high throughput under given constraints of latency, bandwidth and transmit power, the system resources such as subcarriers of orthogonal frequency-division multipleaccess (OFDMA) and/or transmit power, have to be appropriately allocated to different users in each scheduling period.
The classic solution to the Shannon-capacity based SEM problem in parallel channels is the water-filling method [3] - [5] , which has been extensively studied in various communication systems, such as OFDMA [6] , code-division multiple-access (CDMA) [7] , multi-carrier CDMA [8] , cooperative networks [9] , cognitive radio networks [10] and multi-antenna systems [11] , [12] . Most of these solutions rely on the instantaneous channel state information (CSI) to decide subcarrier allocation and/or power allocation policies. Since the CSIs typically change over time, frequency and geographical locations, mobile users and base stations have to regularly update their resource allocation policies and adapt to new physical conditions. As a result, substantial pilot overhead is required to estimate the CSI of numerous time-frequency blocks. Additionally, such methods have not considered any transmission delay statistics or crosslayer design, which, if properly exploited, might be beneficial for delay-sensitive services.
Therefore, it is important to conceive resource allocation algorithms that are capable of satisfying users' quality-ofservice (QoS) requirements in terms of both the minimum transmission rate and the delay tolerance. It is even more valuable if these algorithms require less CSI-updating efforts and thus cause a dramatically reduction in system overhead.
B. RELATED WORKS
To achieve the above goals, a number of resource allocation methods relying on the effective capacity (EC) concept of [13] have been proposed for different systems. This is because the EC describes the maximum throughput of a system whose queue is in its steady state, subject to the given statistical delay-QoS violation probability constraint at the data-link layer. More specifically, Du and Zhang [14] proposed an EC-based power and time-slot adaptation policy for time-division multiple-access (TDMA) networks operating on Nakagami-m flat fading channels.
Under a different scenario, [15] proposes a power allocation scheme for EC maximization under average interference power and maximum transmit power constraints in cognitive radio networks, assuming realistic imperfect CSI. In [16] , a heuristic power allocation algorithm was proposed for maximizing the EC of multi-relay networks that adopt a ''best relay selection'' strategy. In [17] , a power allocation algorithm was proposed for EC maximization under both energy efficiency and maximum transmit power constraints of block fading channels obeying Nakagami-m statistics. Jointly optimal power and rate adaptation policies were derived in [18] for two-way relaying protocols by solving a weighted-sum EC maximization problem. Additionally, the EC maximization problem was studied for a single-user doubly-correlated multi-input multi-output (MIMO) system that relies on the channel's covariance feedback [19] .
Moreover, in [20] the EC region of an uplink multiuser OFDMA network was derived. Furthermore, an asymptotically optimal subcarrier and power allocation scheme was proposed, which is capable of approaching the boundary points of the EC region, when the number of subcarriers is sufficiently high. Considering a different perspective from that of the previously mentioned contributions [21] presents a scheduling algorithm for OFDMA cognitive radio networks under delay sensitive traffic and security constraints. Furthermore, in contrast to the previous analysis of Yu, in their research Musavian and Ni [22] analysed the trade-off between the effective capacity and effective energy efficiency in delay sensitive communications. They also verified that sacrificing a small percentage of the effective energy efficiency, the effective capacity can be considerably increased.
C. CONTRIBUTIONS OF THIS PAPER
Against the above background, in this paper we propose an analytical power and subcarrier allocation method for maximizing the EC of downlink OFDMA networks that operate on the non-line-of-sight (NLOS) Rayleigh fading channels, 1 while providing statistical delay-QoS guarantee. The optimization problem formulated is solved using the Lagrangian dual decomposition (LDD) method. Both efficacy and robustness of the proposed method have been demonstrated by extensive numerical simulation results. The main contributions of this paper are as follows.
• We derive an analytical EC expression for the downlink OFDMA network operating in Rayleigh fading channels and prove the concavity of this EC expression. Based on these analytical results, we propose a deterministic power-and-subcarrier-allocation scheme for OFDMA networks only relying on statistical rather than instantaneous CSI knowledge.
• We present a computational complexity analysis of the proposed algorithm and conclude that it is near-linearly dependent on the number subcarriers and users in the system. Meanwhile, the optimization methods used in the scheme have computational complexities directly related to the power level precision required.
• The impact of the delay-QoS exponent on the achievable EC of the OFDMA network is analyzed. This exponent characterizes the statistical delay tolerance of the system. Our numerical results characterize the relationship between this exponent and the maximum delay bounds, and also quantify the probability that the system's actual delay does not surpass the given delay bound.
• Our results indicate that the achievable EC does not depend on the specific choice of the subcarrier allocation, but rather on the number of subcarriers allocated to each user. This is because the EC is calculated using the channel statistics, instead of the instantaneous CSI.
• Our results derived for Rayleigh fading channels [as summarized in Fig. 5 (c)] demonstrate that the stable instantaneous transmission rate is considerably higher than the EC, whilst assuming that the instantaneous CSI knowledge is unavailable. Nevertheless, in our resource allocation scheme that aims for EC maximization, the power allocated is sufficient to keep the instantaneous transmission rate above the minimum EC threshold over the duration of numerous transmission frames, which represents the long term capacity. 2 We emphasize that in contrast to the family of Shannoncapacity based water-filling methods [3] - [12] , the proposed EC-based resource allocation scheme does not rely on 1 High density urban scenarios are typically represented by Rayleigh fading channels due to their NLOS characteristics. 2 Assuming a worst-case transmission buffer scenario, when the buffer is never empty. Transmission system considering the arrival process and buffer of each user in the system. The proposed resource allocation scheme (in green) includes both the subcarrier mapping (in grey) and the power allocation (in orange).
the instantaneous CSI knowledge. Furthermore, the system model investigated in this paper is different from those of [14] - [20] , thus a joint power and subcarrier allocation optimization problem is addressed. It is worth noting that an uplink multiuser OFDMA network was considered in [20] , whilst we consider a downlink multiuser OFDMA network. Additionally, there is no minimal rate constraint in the problem formulation of [20] . Moreover, in [20] perfect instantaneous CSI knowledge is assumed, whilst only the statistical CSI knowledge is needed in our scheme. This incurs various differences both in the problem formulation/transformation/solution, and in the system design/operation insights obtained. Finally, the subcarrierand power-allocation procedure of our scheme is entirely based on analytical results, and the simulations are conducted only for verifying the efficacy and robustness of the proposed algorithm.
D. ORGANIZATION
The rest of this paper is organised as follows. In Section II we present the basics of the EC concept. The formulation and relaxation of the EC maximization problem in the context of downlink OFDMA networks under statistical delay-QoS constraint are provided in Section III. The iterative algorithm proposed for solving the above-mentioned optimization problem is presented in Section IV. Our numerical results demonstrating the efficacy and robustness of the proposed method are presented and discussed in Section V. Finally, our conclusions are offered in Section VI.
II. BASICS OF THE EC CONCEPT
The EC concept proposed by Wu and Negi in [13] has been widely used as an important metric for evaluating the network performance subject to statistical delay-QoS limitations. It incorporates relevant parameters of both the physical layer (e.g., channel statistics) and the data-link layer (e.g., buffer overflow probability) into a cross-layer metric.
The EC concept originates from modelling the behaviour of the source node of a communication system. In the arrival process of a communication system, the data to be transmitted aggregates at the source node at a given rate (i.e., arrival rate). Then, in the service process, the source node transmits the source data at a given rate (i.e., service/transmission rate). To accomplish this task, typically the data generated by the arrival process enters a first-in-first-out buffer (i.e., a queue), which may cause a transmission delay. When the transmission rate is lower than the arrival rate, implying that more data is arriving at the source node than leaving it, the buffer accumulates data. On the other hand, when the transmission rate is higher than the arrival rate, the buffer memory occupied shrinks. In order to ensure a continuous transmission process, Wu and Negi [13] assumed that the buffer is never empty, i.e. there is always data to be transmitted at each instant. To illustrate this communication system model we present Fig. 1 .
Before we present the mathematical definition of the EC, we recall the Shannon-Hartley theorem [23] , which defines the instantaneous transmission rate as:
where B is the bandwidth of each subcarrier, p k,n and g k,n are the transmit power and channel power gain of the kth user on the nth subcarrier, respectively, while N 0 is the single-sided noise power-spectral-density (PSD).
Assuming that we have a stationary arrival process and service process, to model the above source node's behaviour, the statistical delay-QoS exponent θ is defined as
where is the maximum tolerable delay violation probability and d max is the maximum tolerable delay.
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Considering an OFDMA network that has N i.i.d. subchannels and K users, the sum EC of the system is defined as (check Appendix for further elaboration):
where E[·] is the mathematical expectation operator and P = [p k,n ] K ×N is the power allocation matrix defined as
T is the statistical delay-QoS exponent vector, and r k,n is the instantaneous service rate of the kth user on the nth subcarrier in a frame having a duration of T . Additionally, P max is the maximum transmit power of the base station (BS). Furthermore, from (3) we can derive the EC of the kth user as
where
is the kth row of φ φ φ and γ k,n is the signal-to-noise ratio (SNR) of the kth user on the nth subcarrier. For further details of deriving the EC of various fading channels, please refer to [13] , [24] , and [25] .
III. PROBLEM FORMULATION AND RELAXATION
In this section, the EC maximization problem is formulated for the downlink of an OFDMA cellular network that has N subcarriers and a total bandwidth of NB. For analytical convenience, we assume that the buffer at the BS is sufficiently large so that no data loss is caused by the buffer size limitation, and the buffer is in the steady state of being fully occupied so that no empty scheduling slot is caused by having an insufficient number of source data frames stored in the buffer (infinite backlog). Furthermore, for compactness and analytical tractability we assume that there is no co-channel-, cross-channel-and multiple access interference in the OFDMA system.
A. EC MAXIMIZATION PROBLEM FORMULATION
Relying on (3), the sum EC of the OFDMA network is given by
where the expectation I k,n will be developed later for NLOS Rayleigh fading channels, yielding (12) . Then, the sum EC maximisation problem under the individual statistical delay-QoS constraints is formulated as
where C k,min e characterizes the individual statistical delayQoS constraints via the minimum EC that the kth user must achieve.
Note that although the average values of θ used here were given in [13] , the discussions on what should be the minimum EC for each user is terse. In fact, C k,min e is service-related, but it also depends on the total number of available subcarriers, on the system loading, on the coding scheme, etc. In order to illuminate this problem we have presented our analysis and discussions in Section V-B. To elaborate a little further, the delay-QoS constraints specified by the delay-QoS exponent vector θ have been considered in c.1 of (8). Furthermore, the constraint (c.5) is used for ensuring that all subcarriers are allocated, but since the EC is a non-decreasing function of the number of subcarriers allocated, it may be considered to be an independent variable, which does not affect the optimization problem.
In problem (8), we have to find the optimal subcarrier indices φ k,n and the power levels p k,n on all subcarriers for each user in order to maximize the sum EC of all users subject to the individual delay-QoS constraints.
B. RELAXATION ON THE SUBCARRIER ASSIGNMENT INDICATOR φ φ φ
Since the subcarrier assignment matrix φ φ φ is typically composed of thousands of binary-integer-valued variables, problem (8) constitutes a so-called mixed integer nonlinear programming (MINLP) problem, which is typically classified as being non-deterministic polynomial-time (NP)-hard to solve. To make this problem more tractable, we first relax the entries of φ φ φ to be continuous variables, since continuous-valued optimization problems are often easier to solve than combinational optimization problems. More specifically, we relax the constraint c.4 φ k,n ∈ {0, 1} to 0 ≤ φ k,n ≤ 1, ∀k, n. As a result, the feasible set of φ φ φ is enlarged and the original feasible set before the relaxation becomes its subset [26] , [27] .
Physically, the new constraint 0 ≤ φ k,n ≤ 1 can be interpreted as the time-sharing of each subcarrier amongst all the users [26] , [28] . In general, stating that the relaxed problem can be solved does not mean that the original problem (8) can be solved exactly. Wireless communication channels are time-varying, hence they may not stay unchanged long enough for time-sharing to be feasible [27] . Fortunately, it has been shown that the Lagrangian dual solution of the relaxed problem under the time-sharing condition 0 ≤ φ k,n ≤ 1 is arbitrarily close to the original solution, when the number of subcarriers tends to infinity [29] . This approximation can be sufficiently accurate even for a small to medium number of subcarriers in certain scenarios [25] , [30] - [33] .
For convenience, let us denote the relaxed version of φ k,n as φ k,n . Correspondingly, the set of the feasible subcarrier assignment matrices given by (5) and the sum EC of the OFDMA network given by (7) become
and
respectively, where the value of the new subcarrier assignment index φ k,n is within the interval [0, 1], i.e., φ k,n is a continuous variable satisfying 0 ≤ φ k,n ≤ 1. As a consequence, the optimal solution of the following EC maximization problem
becomes an upper bound of the original maximum sum EC obtained by solving (8), namely we have C e opt (θ ) ≥ C opt e (θ).
C. SUM EC OF OFDMA SYSTEMS COMMUNICATING OVER RAYLEIGH FADING CHANNELS
Since we consider NLOS propagation characterized by Rayleigh fading, the channel power gain g k,n is an exponentially distributed random variable (r.v.). Consequently, the expectation in (7) is readily obtained by
Substituting
into (12) and assuming σ = 1, we obtain
where A k , D > 0, and E n [x] is the exponential integral function. Relying on (6) and (13), the EC of the kth user for transmission over the Rayleigh fading channel (RFC) is calculated as
while the sum EC is given by
Upon using the relaxed version of φ k,n , (15) can be reformulated as
Then, the following Lemma 1 is obtained. Lemma 1: For Rayleigh fading channels, the relaxed sum EC function (16) is concave in both p k,n and φ k,n .
Proof: See Appendix of [25] .
IV. SOLVING THE EC MAXIMIZATION PROBLEM IN RAYLEIGH FADING CHANNELS
From (11) and (16), the relaxed sum EC maximization problem for OFDMA systems communicating over Rayleigh VOLUME 5, 2017
fading channels is explicitly formulated as
From Lemma 1, we can readily see that the EC maximization problem (17) is concave, hence it can be efficiently and accurately solved by convex optimization techniques. Furthermore, since (17) satisfies Slater's condition [34] , the optimal solution of (17) can be obtained by equivalently solving its Lagrangian dual problem, yielding zero duality gap. The Lagrangian defined over P and φ φ φ for the problem (17) is given by (18) , as shown at the top of this page.
In this context, the following relation holds:
where the Lagrangian dual function is given by sup L, i.e. the supremum of the Lagrangian. The relationship formulated in (19) is further developed in (20) , shown at the top of this page, which implies that the dual problem
may be solved by solving NK subproblems of the form arg max
and by updating the dual variables λ and ν with the subgradient method. Since problem (21) is in a standard concave form, we may use the Karush-Kuhn-Tucker (KKT) conditions to find the optimal solution. Therefore, for given values of the Lagrange multipliers λ and ν, the optimal power allocated to user k on the nth subcarrier is computed by solving
which is equivalent to finding the particular p * k,n satisfying (23), shown at the top of the next page. Numerically, (23) can be solved using Newton's method. Once the optimal power allocation has been calculated, the optimal subcarrier allocation may be determined using the following first-order condition of the Lagrangian:
Note that in (24) the derivative is independent of φ k,n . Therefore, the value of k,n means that either the optimal subcarrier allocation value occurs on the boundaries of the feasible region, and thus L(P, φ φ φ, ν, λ) must be decreasing/increasing
within the feasible region, or the derivative is zero and hence the optimal subcarrier allocation is obtained inside the feasible region. Since only a single user is allowed to transmit on each subcarrier, the following condition
may be applied in a Gauss-Seidel fashion for designing the iterative algorithm, where n is the nth column of . Furthermore, the dual variables may be updated by using the sub-gradient method, shown in (26) and (27) , at the top of the page are shown at the top of this page, where i is the iteration index, α λ and α ν k are the appropriate step sizes, and the operator [·] + represents max(0, ·).
The LDD method can be implemented through the Algorithm 1.
A. SUB-GRADIENT METHOD
In order to update the dual variables, the sub-gradient method is applied; however, a pair of further relevant topics have to be discussed: a) what are the initial values of the variables; and b) what is the appropriate step size.
The dual variables in this problem are initialized with random variables, which obey the normal distribution having a zero mean and unity variance. This decision was made based on pour initial simulations, where the dual variables starting with zero values converged slowly.
As for the step size, it is a challenge to determine its best value. If its value is too large, one might lose precision and the algorithm may deliver an unfeasible solution. By contrast, if the step size is too small, it may converge slowly. Since the optimal values of power allocation for this problem might be within the boundaries of the problem domain, we decided to use an adaptive stepsize. The step size is always sufficiently high to avoid a null value for the dual variable, which would restart the algorithm in most cases. Explicitly, the step-size is always increased or decreased by an order of magnitude.
Algorithm 1
The LDD Method for Sum EC Maximization in OFDMA Input: P, φ φ φ, I DD , ε λ , ε ν Output: P * , φ φ φ * begin 1. Initialise P, φ φ φ; 2. i ← 0; 3. while i ≤ I DD or (|λ(i + 1) − λ(i)| > ε λ and
for n from 1 to N 5.
for k from 1 to K 6.
Find p * k,n that satisfies (23); 7.
end for 8.
Obtain the optimal subcarrier allocation using (24) and (25); 9.
end for 10.
Update the dual variables using (26) and (27); 11. end while --------------P = initial power allocation matrix; P * = optimal power allocation matrix; φ φ φ = initial subcarrier allocation matrix; φ φ φ * = optimal subcarrier allocation; I DD = maximum number of dual iterations; ε λ = power allocation precision; ε ν = subcarrier allocation precision.
V. SIMULATION RESULTS AND DISCUSSIONS
In this section, our numerical simulation results are presented and discussed, which demonstrates the efficacy and robustness of the LDD method conceived for solving the sum EC maximization problem, as well as the role played by the statistical delay-QoS exponent θ . The system configurations of our simulations are adapted from the Long-Term Evolution (LTE) standard, as summarized in Table 1 , where U(0, 1] represents the uniform random distribution in the interval (0, 1]. 
A. EFFICACY AND ROBUSTNESS OF THE LDD METHOD
We first consider four low-dimensional system configuration scenarios, i.e., Scenarios 1 to 4 of Table 1 , where some parameters, such as the total bandwidth W , the maximum BS transmit power P max , the number of users K and the number of subcarriers N , are deliberately assigned small values in order to reduce the complexity imposed on the simulations. From a mathematical perspective, this arrangement is sufficient for evaluating the efficacy and robustness of the LDD method conceived for solving the EC maximization problem. Meanwhile, this arrangement makes it convenient for us to exhaustively find the problem's optimal solution, which serves as the benchmark of the proposed algorithm's performance.
In Fig. 2 we depict the sum EC as a function of the power allocated to User 2 in Scenarios 1, 2 and 3, where two subcarriers are allocated to the user that has a lower θ k (User 1) and one subcarrier to the other user (User 2). The vertical lines in Fig. 2 delimit the domain of the power allocated to User 2 for the sake of satisfying the minimum EC constraints. Note that in Scenarios 2 and 3 the optimal power allocation of User 2 is constituted by the lower endpoint of the power range, i.e. it lies on the boundary of the feasible power allocation policies set, as indicated in Fig. 2 Table 2 at a glance.
It is noteworthy that for the optimization problem considered, if N > K holds, its solution is not unique. Without loss of generality, considering Scenario 1 as an example, there are eight possible subcarrier allocation matrices, Table 1 . The sum EC is calculated using (15) . The vertical lines define the domain boundaries, which are satisfied by the minimum capacity indicated below the arrows. The optimal subcarrier allocation is adoped with respect to the power allocated to User 2 (i.e., User 2 has only one subcarrier, while User 1 has two subcarriers). Table 1 . The sum EC is calculated using (15) .
The subcarrier allocation matrices in a) and b) have to be discarded, since they do not satisfy the minimum EC constraints. More specifically, in a) and b) either of the two users is not allocated any subcarrier, hence they are considered infeasible. Furthermore, the sum EC is shown in Fig. 3 as a function of the power allocated to User 2. We observe that the EC function is the same for the subcarrier allocation matrices c), f) and h), where two subcarriers are assigned to User 1 and one subcarrier to User 2. By contrast, the EC functions corresponding to subcarrier allocation matrices d), e) and g) are identical, where two subcarriers are assigned to User 2, while only one is assigned to User 1. This is due to the fact that the solution does not depend on which subcarriers are allocated to each of the K users in the system, but rather on how many subcarriers are allocated to each user. In order to better understand the sum EC maximization problem under NLOS Rayleigh fading channels, the relationship amongst several relevant parameters involved in this optimization problem is also studied, as detailed below.
1) RELATIONSHIP BETWEEN θ , AND d max
From the definition of θ in (2), we know that under the same maximum tolerable delay violation probability , higher values of θ indicate more stringent delay tolerance. Moreover, for the same maximum tolerable delay bound d max , higher values of θ indicate lower delay violation probability . These relationships are explicitly illustrated in Fig. 4 .
2) INSTANTANEOUS TRANSMISSION RATE AND DELAY-QoS VIOLATION IN RAYLEIGH FADING CHANNELS
Although the EC guarantees a statistical delay tolerance with certain confidence, investigating the instantaneous power allocation policy remains important. Hence, in Fig. 5(a) we show the channel power gain on the subcarrier allocated to User 2 in Scenario 1 of Table 1 , while in Fig. 5 (b) we illustrate the instantaneous transmission rate (bits/frame) resulting from the optimal power allocation that maximizes the sum EC, considering Scenario 1 of Table 1 . Furthermore, in Fig. 5(c) we illustrate another simulation realization containing a frame during which the instantaneous transmission rate (bits/frame) is lower than the sum EC. These EC violation events occur with a very low probability and are directly related to the average level crossing rate of the channel fading. For instance, in this particular simulation scenario, our numerical results have demonstrated that the EC violation event happens once in every 6 × 10 5 frames, or equivalently, once every 400 seconds.
3) SOME OTHER SCENARIOS
In this subsection we discuss two more scenarios. In one scenario, we have K = N (i.e., Scenario 4 of Table 1 ). The sum EC of this scenario is depicted in Fig. 6 . We can see that the maximum achievable EC is 249.96 bits/frame, when the power allocated for transmission to User 2 is 0.285 Watt. Moreover, the numerical results seen in Fig. 7 (a) and 7(b) demonstrate that the LDD algorithm conceived converges to the optimum solution after 40 ∼ 50 dual iterations, in terms of both the power allocation [see Fig. 7(a) ] and the corresponding EC [see Fig. 7(b) ]. (1), for the subcarrier allocated to User 2 in Scenario 1 of Table 1 . b) The instantaneous transmission rate resulting from the optimal power allocation that maximizes the sum EC in Scenario 1 of Table 1 . c) Another instantaneous transmission rate realization resulting from the optimal power allocation that maximizes the sum EC in Scenario 1 of Table 1 , whilst the delay-QoS violation event has occurred in the observation period. The instantaneous transmission rate is calculated using (1).
Furthermore, we consider a practical scenario (i.e., Scenario 5 defined in Table 1 ), where we use parameter values typically found in realistic telecommunications systems. More specifically, in Scenario 5, we have a large number of subcarriers and users, e.g., N = 64 subcarriers and K = 40 users. Considering the realistic Scenario 5, we depict in Fig. 8 the convergence performance of the LDD algorithm in terms of the total power allocated for transmission to all the users and the individual power allocated for each user (zoom in from User 1 to User 7), as well as the sum EC of the system. It is obvious that in the realistic Scenario 5 that has a large number of users and subcarriers, the LDD algorithm still converges after 25 ∼ 35 iterations. Table 1 . The sum EC is calculated using (15) .
TABLE 3.
Relation between the delay-QoS exponent and the sum EC in the realistic Scenario 6.
B. BEHAVIOUR OF THE DELAY-QoS EXPONENT IN A REALISTIC LTE SYSTEM
To illustrate further how the statistical delay-QoS exponent θ behaves in realistic scenarios of interest, we consider a single cell of an LTE network, denoted as Scenario 6 of Table 1 . In this system, we assume 10 resource blocks (RBs), where each RB contains 12 subcarriers and each subcarrier occupies B = 15 kHz. This configuration is equivalent to 120 subcarriers. The number of users in this system is equal to the number of RBs, hence each RB is allocated to a single user. In particular, we assume that an equal power allocation (EPA) policy is used, namely the maximum available transmit power of the BS is equally distributed across the subcarriers. The results are summarized in Table 3 , showing the value of the sum EC and of the statistical delay-QoS exponent θ , under the given maximum tolerable delay violation probability and d max = 10ms. Here θ is calculated using (2) , and the value of d max is assumed to be the same as the duration of a transmission frame in the LTE context.
We observe from Table 3 that the EC achieved in Scenario 6 is in the interval of 6K ∼ 8K bits/frame, which (23), while the sum EC is calculated using (15) .
is equivalent to a spectral efficiency ranging from 3 bits/s/Hz to 5 bits/s/Hz. 3 Since the spectral efficiency of most wireless system standards is within this range, the results of Table 3 have corroborated the fact that the EC is an effective performance metric for realistic systems.
Note that using the results of Table 3 along with other required service specifications, such as the minimum transmission rate, maximum tolerable bit error rate (BER) and coding rate etc., the resource allocation approach presented in this paper can be readily deployed in a realistic communication system for achieving maximal EC by optimally allocating the power and the subcarriers. (23), while the sum EC is calculated using (15) .
As pointed out in our previous contribution [25] , the values of the statistical delay-QoS exponent are in fact near zero in the interval θ ∈ [0, 1]. It is also noteworthy that for a fixed maximum tolerable delay d max , when the maximum tolerable delay-violation probability is increased, the EC also increases; meanwhile, θ decreases. Therefore, as θ approaches zero, the system can tolerate an arbitrarily long delay and the maximum tolerable delay violation probability → 1. By contrast, when θ tends infinity, the system cannot tolerate any delay (as → 0).
C. COMPUTATIONAL COMPLEXITY
In our context the LDD method has a convergence accuracy, which depends on the number of levels available VOLUME 5, 2017 in the power amplifier and depending on the number of iterations in the LDD method, it asymptotically tends to its steady-state. Since the asymptotic behaviour of the algorithm is constant, its complexity is characterized by O(1).
However, during each iteration of the algorithm Newton's method runs as a subroutine KN times in order to find the optimal power allocation policy for each user and subcarrier combination. Therefore, the algorithm's total computational complexity would be O(KN × X ), where X is the Newton's method computational complexity. Since the latter is also related to the number of transmission power levels available at the power amplifier, the computational complexity of the solely proposed algorithm is bounded by O (KN ) .
Even though the number of users and subcarriers in the system may not be related to each other, it is reasonable to assume that the number of users is never larger than the number of subcarriers. This may be viewed as a resource allocation scheme, which is activated after the admission control procedure. Hence, assuming in the worst case that K = N , the algorithm's complexity would be asymptotically limited by O(N 2 ).
VI. CONCLUSIONS
We have considered an important EC maximization problem in the context of OFDMA networks, where the statistical delay-QoS is guaranteed. The proposed resource allocation optimization approach is appealing in practice, because it only has to know the channel statistics. As a beneficial result, apart from satisfying the delay-QoS constraints, our powerand-subcarrier allocation scheme may have to be invoked less frequently than the conventional schemes that rely on instantaneous CSI. This characteristic has several direct implications, including: a) the improvement of user-experience satisfaction, since transmission rates will not drop below the expected value with an excessive probability; b) simplification of signal processing in the base stations compared to the traditional strategy, where the base stations frequently update the resource allocation in line with the CSI updates; c) less transmission overhead, since there is no need to estimate the channel attenuations or users' SNRs, which also implies that d) the system is robust to CSI estimation errors.
The proposed LDD algorithm solves the EC maximization problem of OFDMA networks operating on NLOS Rayleigh fading channels. Our simulation results have demonstrated that the algorithm is, in fact, robust and capable of solving the optimization problem even in realistic scenarios reflecting contemporary communication standards, such as LTE networks.
Our simulation results have also shown that the proposed algorithm solves the EC maximization problem using as few as 30 ∼ 50 iterations in realistic scenarios, given the precision requirements stated in this paper.
APPENDIX EFFECTIVE CAPACITY OF OFDMA NETWORKS
Originally, the effective capacity of a user k is defined as [13] :
Alternatively, Eq. (28) may be rewritten as:
Assuming that the subchannel power gains are independent and identically distributed and considering the distributive property of the mathematical expectation operator, the above equation becomes:
Exploiting that the logarithm of a product is the same as the sum of the logarithms of each multiplicative factor, we have:
Since φ k,n is a binary variable, which renders the whole expression zero, when φ k,n = 0 , it may be moved outside the log without substantially influencing the value of this expression. Hence, the final effective capacity of user k becomes:
Finally, considering that the OFDMA system has K users, the system's EC is the sum of each user's individual EC: 
